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Abstract: Recently, the use of sensor-based systems in many areas has led to an exponential increase in the raw
sensor data. However, the lack of neither syntactic nor semantic integrity between these sensor data limited their
sharing, reusability, and interpretation. These inabilities can cause some problems. For example, different wireless
sensor networks may not work together due to the subtle variations in their sensing methods, operating systems, syntax,
and data structure. In recent years, to cope with these inabilities, the semantic sensor web approach, which enables us to
enrich the meaning of sensor data, has been seen as the critical technology in solving these problems by some researchers.
The primary purpose of this study is to create a laboratory environment parameters sensor ontology (LEPSO) that
provides a standard data model for heterogeneous sensor data from different platforms by expanding semantic sensor
networks (SSN). A case study was conducted using the real-time data collected from Bolu Abant İzzet Baysal University,
Scientific Industrial Technological Application and Research Center in order to demonstrate that the proposed LEPSO
can be used in similar sensor-based applications. A series of semantic queries have been performed on the collected
sensor data to evaluate the proposed sensor ontology. The results showed that sensor data, which are heterogeneous
by nature, provide benefit results in sensor-based monitoring systems when enriched with semantic web technologies
and ontologies. Besides, this study proves that the proposed semantic sensor ontology, which used the semantic sensor
network framework, has the capability to provide a common infrastructure for many sensor-based applications. The
proposed ontology has the potential to become a more comprehensive ontology by adding different platforms, different
sensors, different environments such as school, factory. In the next study, it is aimed to expand the scope of this semantic
sensor network, which is formed by including this ontology in the intensive care unit of a hospital.
Key words: Semantic sensor network, ontology modeling, stream data, real-time monitoring, heterogeneous sensor data

1. Introduction
Sensor data is the output of a device that detects and responds to various phenomena in the physical environment
in which it is located. Generally, this output is used to provide information or input to another system. The
use of sensors in many areas in our daily lives leads to an exponential increase in the data obtained from
the sensors. The fact that sensor data increases so much makes it difficult to store and interpret the data.
Moreover, sensors and sensor systems are generally application-specific and cannot share sensor data with other
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applications because data from sensors with different operating principles are heterogeneous by their nature.
The lack of specific standards arising from the heterogeneous nature of these data makes it difficult to manage
these data.
The fact that the data received from the sensing networks are such heterogeneous and that they do
not have a certain standard makes it difficult to interpret and makes it impossible to reuse. Nowadays, some
researchers state that the solution to this problem is the collation of the data associated with semantic web
technologies [1–4].In these studies, various semantic approaches are emphasized that argue the meaning of
the data should be enriched to be application-independent. For this reason, a stable infrastructure should be
developed to process sensors data that belongs to different systems in an interoperable way, and integrally.
The semantic sensor network (SSN) concept has been introduced to share, find, and access sensors and data in
different applications [5].
The rest of the article is arranged as follows: Section 2 provides an overview of previous work on this topic.
An overview of the design of sensor nodes and the ontology standards used in the proposed study is presented
in Section 3. Section 4 includes the proposed system implementation, data collection, and establishment of
sensor ontology. In Section 5, the proposed semantic sensor network is evaluated by semantic queries. Finally,
the conclusion and future studies are explained in detail in Section 6.
2. Background
2.1. Related works
The concept of sensor ontology was first introduced by Avancha et al. [6] in 2004 to solve problems such as
storage, processing, and reuse of raw sensor data. After this study, the development of sensor ontology has
become an increasingly important research topic in the academia.
Semantic web technologies and ontologies propose a suitable approach for generating common words for
sensor-based systems and ensuring the interoperability of sensor data from different platforms. However, these
approaches are often not accepted by users and system developers based on sensors due to the complexity of
semantic techniques and the processing time to take longer than conventional methods. For the solution of these
problems, Tarek et al. [7] have suggested IoT-Lite, a light example of semantic sensor network ontology (SSN).
Their ontology is an approach that provides interoperability of sensor data on heterogeneous IoT platforms and
includes minimum concepts and relationships that can respond to most end user questions in a reasonable time.
Ten rules have been defined, in order to make this sensor ontology model developed in their studies sustainable
and scalable. They created IoT-Lite according to these rules. The researchers compared the performance of
IoT-Lite with the IoT-A performance that another example of SSN ontology to evaluate the proposed ontology.
For this comparison, 3 datasets with varying numbers of sensors were used. It is seen that the proposed approach
works 2 times faster than IoT, especially when the number of triples in Triple datastore increases due to the
increase in the number of sensors. Also, in order to have more flexibility in ontologies, they brought the concept
of dynamic ontology to the semantic sensor network area. Researchers conducted a case study using collected
traffic data from Aarhus in Denmark to demonstrate the usability of this dynamic approach. As a result of the
case study, they argued that when the dynamic approach they suggested was used in smart cities, the space
used in the triple warehouse was reduced, and it kept all the information together in one place. Thus, they
proved that this approach provides a faster query response time.
Jin and Kim[8] proposed an e-health system based on a semantic sensor network to solve interoperability
problems of different platforms and devices. The system they recommend includes expert user, patient user,
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e-health server, e-health client, and e-health device. The e-health device contains a many of sensor related to
personal health. These are body temperature sensors, blood pressure sensors, electromyography sensors, and
galvanic skin sensors. E-Health sensors collect data from patients and send them to the e-health client and
e-health server. They use the IETF YANG modeling scheme to represent information from the sensors they
use for proposed e-health systems. This modeling scheme helps to ensure semantic interoperability between
devices and express detection data in a user-friendly way. The semantic model is presented in the YANG data
format using IETF YANG, which defines the semantic model. According to the YANG modeling principle, the
semantic model is designed to include terminologies in the YANG modeling language. The proposed model also
references the OCF source specification terminologies. Ontology has been defined in YANG to create metamodels of e-health sensors to provide a semantic interpretation of detection data in the system. It is argued in
the proposed approach that e-health sensors help to automatically configure and query the sensor network with
semantic interoperability support for the e-health system.
Ali et al.

[9] proposed a mid-level sensor ontology, called SmartOntoSensor, that processes large-

scale sensor data and acquires beneficial knowledge from data. SmartOntoSensor uses low-level data from
smartphone sensors in order to assist smartphone context-aware applications for performing high-level tasks.
SmartOntoSensor has been developed using NeOn methodology, and it has also been using the content ontology
design pattern in order to create ontology where contents are conceptual. In this study, sensor data with different
concepts combine hierarchically, taking into account the interrelationships with each other, and terminological
requirements are provided with a conceptual perspective. SmartOntoSensor is developed with open-source
ontology editor OWL-DL language and knowledge-base framework Protege 4.3 for the knowledge representation.
Finally, developed ontology has been evaluated with OntoQA and SPARQL query engine.
Wang et al. [10] proposed a hydrological sensor network ontology based on SSN ontology to identify hydrological sensor network resources. Researchers have enriched SSN ontology with time ontology and geospatial
ontology while creating hydrological sensor ontology. Their study was evaluated in the sensor data collected
on the Yangtze River as a real-world use case. In the experiments, 3 different sensor types and collected data
from 22 sensors for 2 months. They have demonstrated the applicability of hydrological sensor ontology in this
case study. Wang et al. performed a successful example of SSN.
Kuster et al. [11] proposed a semantic data model that would facilitate data transfer and eliminate
heterogeneity between different sensor data. They suggested that this semantic data model supports urban
sustainability close to real-time. NeOn ontology creation methodology is used in the proposed sensor data
ontology. UDSA ontology has the ability to identify various sustainability key performance indicators, criteria,
themes, and subthemes in an urban system, as well as sensors and observations from perception. The urban
district sustainability assessment (UDSA) ontology they created has been developed and validated using real
data from the “The Works” site, a new neighborhood in Wales. A series of competency questions have been
prepared to assess the reliability of the proposed ontology. In line with these competency questions, they
used the SPARQL query language, which allows them to query using classes, object properties, and data
properties to retrieve relevant information from the ontology knowledge base. This new approach combines
various domain-specific ontologies in a high-level ontology that can support the creation of real-time urban
sustainability assessment software. The proposed ontology reuses existing ontologies in the literature, such as
SSN, GeoSPARQL, and QUDT ontologies. Also, this information model is compatible with 29 competent urban
sustainability assessment framework, thereby providing a useful resource not only in the urban sustainability
assessment but also in the context of the more extensive smart cities. In general, such a semantic model has
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proven to be effective, and it is emphasized that it helps generate linked data for urban region sustainability
assessment.
Although these studies are similar to the proposed study in terms of the semantic sensor networks, they
differ in many aspects. In the proposed project, the ontology of ambient parameters has been established which
may affect laboratory analysis results. There is no sensor ontology established in this domain before. The
sensors, platforms and measured parameters used differ greatly from other studies. While in many studies,
ontology is created by using previously collected data, in this study real-time ontology is created. In other
studies, ontology of a few parameters is formed, while in this study, 8 different parameters are collected under
the same ontology framework. The sensor ontology created in many studies is related to a single field or event.
The next study aims to expand the scope of this semantic sensor network by integrating this ontology into an
intensive care unit of a hospital. Thus, the ontology of 2 completely different domain will be managed under a
single framework.

2.2. Objectives and scope of LEPSO
The proposed sensor ontology covers multiple objectives and scopes. These objectives can be roughly divided
into 2 groups as general and specific objectives. The objectives and scope of LEPSO are as follows:
General objectives: The main objective of LEPSO, is creating a sample ontology that has got a
standard data model, using existing connections (classes, object properties, data properties, etc.) between
laboratory environment parameters and the SSN common data framework. Following benefits will be ensured
with this data model created;
1. Heterogeneous sensor data will be managed under the same framework.
2. The sustainability of the sensor-based systems will be increased.
3. Since the sensor data is based on a model, more meaningful information will be extracted.
4. Since the sensor data is encoded with languages such as RDF and OWL, machine to machine communication
will be provided.
5. It will be possible to process data from different domain, different platforms, and different sensor systems
and to extract common information.
6. The proposed LEPSO is a low-level sensor ontology. It is thought that LEPSO will guide mid-level and
high-level ontologies planned to be done next.
Specific objectives: The specific objective of LEPSO includes the laboratory environment where the
proposed ontology is tested. The parameters of the laboratory environment previously obtained by passive
sampling will be monitored in real-time with this proposed study. Following benefits will be ensured with this
real-time monitoring;
1. When the parameters affected the result of laboratory analysis reach misleading levels, it will be detected,
and appropriate action plans will be realized.
2. When the laboratory air quality parameters, reach unhealthy levels for the analyst, it will be detected and
appropriate action plans will be realized.
3. As this real-time system replaces passive sampling, time, labor, and cost will be saved.
4. Moreover, while the increase of some parameters is positive for human health, it affects the analysis
results negatively, or vice versa. Therefore, monitoring of laboratory environment parameters becomes more
complicated. Thanks to the ontological rules created in LEPSO, these complex situations are planned to be
overcome.
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3. Material and methods
3.1. Sensor nodes
In the laboratory environment, a wireless sensor network has been established in order to collect the parameters
that will affect human health and the results of laboratory analysis negatively. WSNs are electro-mechanical
systems aimed at minimizing human control in unattended and challenging to access areas. The most critical
element of these systems is the nodes that are designed to perform various tasks and can communicate with
each other wirelessly. In this project, WSN has been set up that made of 4 different nodes for different tasks.
Prototypes of different nodes are shown in Figure 1. The nodes used and their tasks are explained below.

Figure 1. Prototypes of different sensor nodes used in this project.

Type A node (gateway node): This is the node where all data is collected and transferred to a base
station. It consists of a microprocessor and a communication device only. It will be referred to as SN-A in the
remainder of this article. SN-A does not contain any sensors.
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Type B node (sensor node): In addition to the microprocessor and communication device, it consists
of the CCS8111 sensor that measures carbon dioxide (CO2 ) and total volatile organic compounds (TVOC), and
the DHT222 sensor that measure temperature and humidity. It will be referred to as SN-B in the remainder of
this article.
Type C node (sensor node): In addition to the microprocessor and communication device, it consists
of the Nova SDS0113 sensor that measures particulate matter 2.5 (PM2.5) and particulate matter 10 (PM10),
the MQ74 sensor that measures carbon monoxide (CO), and the light dependent resistor (LDR)5 sensors that
measure light levels. It will be referred to as SN-C in the remainder of this article.
Type D node (repeater node): In some cases, communication difficulties of SN-B and SN-C to SN-A
may occur due to distance and physical obstacles. Type D node is designed to solve this problem, and it will
be referred to as SN-D in the remainder of this article. SN-D does not contain any sensors, just like SN-A.
3.2. SWE and SOSA/SSN standards
Sensor data must be standardized to ensure that they can be successfully interpreted and reused in a variety of
applications. Although there are 2 widely used standards in the literature by researchers, studies on this issue are
continuing intensively. These standards are the sensor web enablement (SWE) developed by the Open Geospatial
Consortium (OGC) [12] and the semantic sensor network (SSN) developed by the World Wide Web Consortium
(W3C) [13]. SWE cope with integration and reusability problems by developing a suite of specifications related
to sensors, sensor data models, and sensor web services that will enable sensors to be accessible and controllable
via the web. It supports many IoT applications and offers standard models that provide a rich collection of
metadata such as sensor ML and O&M that make sensor systems at different geographic locations discoverable,
measurable, and observable [14]. Although SWE provides a standard among different sensor systems with
different operating principles, it is insufficient in order to maintain semantic integrity between sensor data.
While OGC’s SWE standards contribute description and access to raw sensor data and metadata for sensors,
they do not provide facilities for abstraction, categorization, and reasoning offered by semantic technologies
[15]. In this case, interpreting the sensor data and providing to be application-independent is difficult.
Many researchers have pointed out that the SSN must be blended with the linked data principles to
overcome these problems [16, 17]. Sensor data must be identified using unique URIs and transmitted to sensor
data consumers (analyzer, end-user, or any system) via HTTP [18]. In addition, sensor data must be encoded
in formats that can be read by machines such as RDF and OWL, so that they can be easily interpreted and
processed by machines. Therefore, to provide the syntactic interoperability and semantic compatibility of the
current standards of SWE related to sensor data, such as O&M and sensor ML, another or alternative layer is a
vital need. In 2009, a W3C incubator group (SSN-XG) was established by W3C to define the original SSN OWL
ontology by expanding the SWE framework. In October 2017, this group then introduced the latest version of
SOSA and SSN frameworks that would provide a common framework in many sensor-based studies [15]. This
1 “CCS811” [online]. Website http://ams.com/eng/Products/Environmental-Sensors/Air-Quality-Sensors/CCS811 [accessed
22 August 2019].
2 “DHT22” Specification [online]. Website https://www.sparkfun.com/datasheets/Sensors/Temperature/DHT22.pdf [accessed
19 August 2019].
3 “Nova SDS011” [online]. Website https://cdn-reichelt.de/documents/datenblatt/X200/SDS011-DATASHEET.pdf [accessed 23
August 2019].
4 “MQ-7 Specification” [online]. Website https://www.pololu.com/file/0J313/mq7.pdf%0A%0A [accessed 22 August 2019].
5 “LDR” [online]. Website http://igem.org/wiki/images/1/1a/File-T--Technion_Israel-Hardwarespecsldr.pdf [accessed 18
August 2019].
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latest version of SSN ontology is a framework for describing sensors, actuators, detection, sensor measurement
capabilities, observations resulting from detection, related procedures, observed features, features of interest, and
deployments. SSN uses a light core ontology framework called SOSA (sensor, observation, sample, and actuator)
for its primary classes and properties. In this study, SOSA/SSN sensor ontology framework is expanded with
examples of laboratory parameters, and a different sensor ontology is established.

4. Experimental setup
4.1. Real world use case
The proposed system has been established and evaluated in Bolu Abant İzzet Baysal University (BAIBU),
Scientific Industrial Technological Application and Research Center (SITARC)1 , as a real-time surveillance
system. MaldiTof, AoxMercury, and Chromatography laboratories actively used in SITARC were selected as the
measurement environment. In these laboratories, microorganism identification, proteomics analysis, bacterial
count, fatty acid analysis, determination of anion-cation, total halogen determination, solid-phase extraction,
etc. analyses are frequently performed. In the case study, 8 parameters in this laboratory were measured using
5 sensors. The sensors used and their basic properties are shown in Table 1.
Table 1. Parameters measured in the proposed study and the basic characteristics of the sensors used.

Sensor
DHT22 temperature and humidity
sensor module
CJMCU-811 CCS811 sensor module
Nova SDS011 digital
PM sensor module
MQ-7 Sensor Module
Light dependent resistors

Parameter
Temperature
Humidity
CO2
TVOC
PM 2.5
PM 10
CO
Light

Resolution
0.1 °C
0.1% rh
1 ppm
1 ppb
0.1 ppm
0.1 ppm
1 ppm
1%

Range
-40 °C–125 °C ± 0.5
0%–100% ± 2.5–5
400–29206 ppm
0–32768 ppb
0.0–999.9 ppm
0.0–999.9 ppm
10–10.000 ppm
0%–100%

Voltage
3.3 V–6 V
1.8 V–3.6 V
5V
5 V ± 0.1 V
5V

Inadequate environmental parameters in buildings such as hospitals, schools, etc. may cause short and
long-term health problems such as fatigue, headache, dizziness, respiratory diseases, and cancer in individuals
who spend most of their time in buildings. However, inadequate environmental conditions in laboratory environments not only threaten human health but can also significantly affect some analysis results. For example,
temperature rise in the Chromatography laboratory significantly affects the performance of PM and gas chromatography devices. In the VOC analysis performed in this laboratory, the increase in the concentration of
TVOC in the environment adversely affects the analysis results. Light level, ambient temperature, and CO2
parameters are effective in the microorganism culture developed in MaldiTof laboratory. The number of examples to be given to the effect of the parameters to be measured on laboratory analysis results can be increased
within the scope of the proposed study. In addition to these, there are expensive devices such as spectrophotometer, Maldi Tof/Tof-Ms biotyper system, headspace sampler, thermal desorber, U-Hplc Ecd detector in the
laboratories to be measured. Increase CO2 , temperature, and humidity levels in their environment can cause
1 “Scientific Industrial and Technological Application and Research Center” Website https://betum.ibu.edu.tr/ [accessed 29
September 2019].
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these devices to corrode. This leads to cost losses by revealing the need for maintenance in the devices over
time.
While a particular increase in some parameters in the laboratories is positive for human health, it may
have adverse effects on the active life of the devices in the laboratory and the results of the laboratory analyses.
It is ideal for employees to have a working temperature between 23 °C and 25 °C. However, this increase in
temperature causes the organic materials to be deformed more quickly and will directly affect the results of
the analysis. For example, when identifying microorganisms in the MaldiTof laboratory, the maximum average
temperature should be 18 °C. Otherwise, the culture gets older quickly and causes the results of the analyses
to be misleading. Therefore, it becomes more complicated to monitor the parameters in the laboratory and
to regulate the appropriate environment in a way that does not threaten human health, not affect the results
of the analysis and not shorten the life of the devices. In order to overcome this complex situation, different
applications and solutions than classical methods are required. In the case study, the ontology of the sensor
data is created, limits and rules are defined to overcome this complex situation.
4.2. Deployment of sensor nodes and collecting sensor data
The SN-B and SN-C sensor nodes described in Section 3.1 have been deployed in these 3 laboratories to be
used in this case study. Since one of the objectives of the proposed study is to determine the indoor air quality
in order to protect the health of the analyst, it has been deemed appropriate to deploy the sensor nodes at a
height of approximately 1.5 meters which is considered as the average breathing level. Besides, these sensor
nodes have been deployed near to laboratory devices and tubes where the gas density is expected to be high.
The SN-A Gateway Node has been deployed in the AoxMercury laboratory, which is in the middle of these
three laboratories. Sometimes SN-A in the AoxMercury laboratory and SN-C nodes in the Chromatography
laboratory had problems in communication due to the distance and obstacles. Therefore, SN-D has been placed
in the Chromatography laboratory in a location close to SN-A so that communication has been not interrupted.
Figure 2 shows the nodes used are how deployed in detail.
As mentioned before, 5 sensors were used in the proposed project, and a total of 8 parameters were
measured. The sensor nodes on which these sensors were located, were programmed to perform a measurement
every minute. The data collection process started on 28.08.2019 and ended on 18.10.2019. Between these dates,
approximately 1,728,000 raw sensor data were collected in 50 days. The hourly average of the collected data
was added as an individual of the observation class in sensor ontology.
dotNetRDF 1 , which is a common NET API library, was used to add the created individuals of observation
to the proposed sensor ontology. The dotNetRDF library provides complete command lines for parsing,
managing, querying, and writing RDF files. The major factor in choosing dotNETRDF as the library for
the proposed study is that it is free and open-source software. This library works coherently with the RDF
triple stores such as AllegroGraph2 , Apache Jena Fuseki3 , and Virtuoso4 . Apache Jena Fuseki has a clear
interface for administration and can operate as a standalone server. Also, it provides data security and is an
environment known to the research team. For these reasons, it is appropriate for LEPSO and was used as a
triple store in the proposed study.
1 “Library for parsing, managing, querying and writing RDF.” [online]. Website https://www.dotnetrdf.org [accessed 15 October
2019].
2 “High-performance, persistent graph database” [online]. Website https://franz.com/agraph/allegrograph/ [accessed 10
September 2019].
3 “SPARQL server.” [online]. Website https://jena.apache.org/documentation/fuseki2/index.html [accessed 13 November
2019].
4 “Data-driven agility without compromise.” [online]. Website https://virtuoso.openlinksw.com/ [accessed 09 October 2019].
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Figure 2. Deployment of nodes used in the proposed system in laboratories.

4.3. Ontological implementation for management of laboratory parameters
In the scope of this study, an example of SOSA/SSN, the framework designed by W3C for semantic sensor
networks, was generated using data collected from the SITARC. In this section, how the SSN framework is
developed with special concepts and examples and how it becomes suitable for the purpose will be presented.
The proposed ontology includes classes, individuals, rules, and their relationships in laboratory parameters
monitoring systems. This ontology was designed with the Protégé [19] ontology editor developed by Stanford
University. Protege is a free open source framework that provides an interface for users to define ontologies.
Protege 5.5.0 editor has the skills of creating classes and subclasses, defining and visualizing the relationships
between classes in order to expand SSN ontology.
Semantic sensor network is an application-independent framework which needs to be expanded with
specific notion and examples [20]. The SSN is designed to allow expansion of its scope with other ontologies
and concepts. For example, in a field ontology where geographic location is important, the ontology of terms
representing the location information can be integrated to extend the SSN core ontology. In another example,
an area ontology that includes chemistry-related sensor measurements may import the chemistry ontology that
2574

AKTAŞ et al./Turk J Elec Eng & Comp Sci

includes chemical terminology, classes, and object properties, as an example of the expansion of the SSN core
ontology. However, the proposed sensor ontology did not require such an extension. The extension of the
ontology has been made by adding some subclasses and individuals to the SSN core ontology.
Some subclasses and individuals added to the SSN/SOSA core ontology are shown in Figure 3. In the
proposed ontology, the Laboratory class was added as a subclass of the ’sosa:FeatureOfInterest’ class. Since
the case study will be implemented in 3 different laboratories, there are 3 different individuals of this subclass.
When this ontology is desired to be expanded in the future, the environment to be observed, such as hospital,
school, etc. must be added to the subclass of ’sosa:FeatureOfInterest’. Sensor node types created in Section 3.1
are added as a subclass of the ‘sosa:Platform’ class, which is a concept that includes the standard classes of
SSN ontology and other assets, especially sensors, actuators, samplers. Since there are 4 different sensor node
types, there are 4 subclasses in ‘sosa:Platform’ class. These are SN-A, SN-B, SN-C, SN-D. SN-A is given to
illustrate as an example of ‘sosa:Platform’ subclass. Since there is one SN-A in the proposed project, the only
individual of this class is AoxMercurySN11. If a node to the project to perform a different task is wanted to
add in later, it is enough to add it to the‘sosa:Platform’ class. However, if an extra node is required to perform
the same task, it is necessary to add it as an individual of the relevant node.
The class ’ssn:System’ already has classes ’sosa:Actuator’, ’sosa:Sensor’, and ’sosa:Sampler’. In the
proposed project, within the scope of the extension of SSN ontology, 5 sensors and 2 actuators as described in
Section 4.1 were added as subclasses. Each sensor in different sensor types used in the project was added as an
individual of that sensor class. In Figure 3, the Nova SDS011 sensor is added as a subclass of the ’sosa:Sensor’
class as an example. This sensor has 3 individuals as 3 laboratory studies are implemented. Nova SDS011
sensor used in MaldiTof laboratory is given as an example individual of sensor class. If ’ssn:System’ is required
to be added to the project later, it must be added to the relevant class. One of the SOSA/SSN core classes,
’sosa:Property’, has 2 subclasses. These are ’sosa:ActuatableProperty’ and ’sosa:ObservableProperty’. These
properties in the ontology have been separated and grouped according to their observability and actuatability.
Actions and alert are given as an example of ‘sosa:ActuatableProperty’ subclass. TVOC and CO2 are given as
an example of ’sosa:ObservableProperty’ class individuals. When another parameter is wanted to be observed
and activated, it must be added to the related subclass of ‘sosa:Property’.
The ‘MeasurementUnit’ class was created to avoid unit complexity at the proposed ontology. This class
specifies the unit of the ‘sosa:hasSimpleResult’ value of the individuals of the measured ’sosa:Observation’ class.
Within the scope of the proposed project, the units of the parameters measured in laboratories were added as
individuals of the ’MeasurementUnit’ class. Parts per million (ppm) was used as the unit of measurement for
PM2.5, PM10, CO2 , and CO. While Celsius was used as the measurement unit for temperature, parts per billion
(ppb) was used as the measurement unit for TVOC. Finally, percent was used as the unit of measurement light
and humidity. If other units will be used in different projects, it is enough to add them to the ’MeasurementUnit’
class. For example, if the temperature is to be measured in Kelvin, it should be added to the ‘MeasurementUnit’
class of the Kelvin unit. Thus, it is considered that there will be no unit confusion between the values to be
measured in different projects to be managed under the same framework. Since ‘MeasurementUnit’ is the unit
of the observed property, ’hasMeasurementUnit’ object property has been created between ’sosa:Observation’
class.
Finally, the most important class for the proposed ontology among these classes is the ’sosa:Observation’
class. In this study, it was not necessary to add any subclasses for this class. However, each value measured by the sensor data is recorded as an individual in the observation class by assigning a different id
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Figure 3. Some classes, subclasses, and relationships between them in the LEPSO.

of 32 characters. In this way, each observation is ensured that the individual has a unique identity. This
allows data consumers to access each observation data directly. Each observation has 2 data properties
called ’sosa:hasSimpleResult’ and ’sosa:resultTime’. The ’sosa:hasSimpleResult’ property is the simple value
of the’sosa:Observation’, ’sosa:Actuation’ or ’sosa:Sampling’ action. The’sosa:resultTime’ data property shows
the time when the ’sosa:Observation’, ’sosa:Actuation’ or ’sosa:Sampling’ action is completed. The classes and
object properties created for the extension of SOSA/SSN ontology are shown in Figure 4.
In the scope of the proposed project, 14 classes, 1 object property, and 62 individuals were added to
the SOSA/SSN ontology framework to extend the ontology. After these additions in SOSA/SSN ontology
framework, the number of triples in ontology increased to 1001. After the sensor ontology was expanded, the
measured values were added to the ‘sosa:Observation’ class with the help of a controller written within the
project. 10 triples are added to this extended sensor ontology, for each measured value. Since there are a total
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Figure 4. Class hierarchy, object properties and data properties of LEPSO.

of 28,800 individuals in the observation class, 288,000 triples have been added to the proposed sensor ontology
by the control program. Thus, the total number of triples increased to 289,001 in the extended SOSA/SSN
ontology framework.
4.4. Rules for defining negative environmental conditions
In the proposed project, the average values determined by the World Health Organization (WHO), and the
American Society of Heating Refrigerating and Air Conditioning Engineers (ASHRAE) for human health and
the optimum values for laboratory analysis were used together to determine the limit values of the measured
environmental parameters. The reasoning rules for the proposed sensor ontology were determined using these
limit values. Based on these rules on sensor ontology, inferences about ambient conditions are made by reasoning.
The limit values used for laboratory measurements are shown in Table 2. According to the WHO, the daily
average max values that can be exposed for PM2.5 and PM10, which 2 of the measured parameters in scope of
the proposed study, are 25 ppm and 50 ppm, respectively [21]. Studies have shown that exposure to PM2.5 and
PM10 causes respiratory diseases [22, 23]. Moreover, toxicological and epidemiological studies show that PM2.5
is particularly harmful because smaller particles are more likely to penetrate deeper into the lungs [24–26].
CO2 is a colorless, odorless, noncombustible gas that occurs naturally in the atmosphere. Outdoor CO2
levels generally range from 350 to 400 ppm. According to the WHO, the maximum CO2 level should be 1000
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ppm for human health at indoors [27]. On the other hand, according to the ASHRAE, the maximum CO2 value
in indoor areas should be 700 ppm for humans [28]. Ventilation is probably insufficient when the CO2 level
exceeds the reference value, and people often complain of headache, nose and throat discomfort, fatigue, lack
of concentration, coma [29]. Since laboratory work continues for long hours, the analysts will likely be exposed
to high levels of CO2 for a long time. In order to prevent or minimize the complaints of people who have to
work in laboratory environments, the maximum CO2 level that ASHRAE considers appropriate is selected as
the limit in this study. Another parameter measured in this study is TVOC. They are toxins and chemicals
that can harm the environment and human health. Health effects can range from minor eye, nose, and throat
irritations to liver and kidney damage or cancer, depending on the level of exposure [30]. According to Brown,
the average hourly TVOC level is a maximum of 500 ppb [31].

Table 2. Ontological rules and limit values of parameters used in the proposed ontology.

Parameters

500 ppb

Averaging
time
24 h
Annual
24 h
Annual
15 min
1h
8h
24 h
1h
(continuous
exposure)
1h

Temperature

Between 18 and 22

1h

Humidity

Between 35 and 70

1h

Light

Between 60 and 80

1h

PM 2.5
PM 10

CO

CO2 (WHO)
CO2
(ASHRAE)
TVOC

Limit values
25 ppm
10 ppm
50 ppm
20 ppm
100 ppm
35 ppm
10 ppm
7 ppm
1000 ppm
700 ppm

Ontological rule
PM2.5_Values<PM2.5_MaxLimitValues
PM10_Values<PM10_MaxLimitValues

CO_Values<CO_MaxLimitValues

CO2 _Values<CO2 _MaxLimitValues
CO2 _Values<CO2 _MaxLimitValues
TVOC_Values>TVOC_MaxLimitValues
Temprature_MinLimitValues<Temprature_Values
<Temprature_MaxLimitValues
Humidity_MinLimitValues<Humidity_Values
<Humidity _MaxLimitValues
Light_MinLimitValues<Light_Values
<Light_MaxLimitValues

CO is a colorless, nonirritating, odorless, and tasteless toxic gas. The average hourly maximum CO level
set by the WHO is 35 ppm [32]. In the case of overexposure above the limit CO levels determined by the WHO,
CO poisoning occurs. CO poisoning causes serious problems from headaches, nausea, and vomiting to cardiac
arrest, respiratory arrest, and coma [33]. One of the most critical factors affecting the performance of the device
in mass measurement analysis is temperature. If the temperature is outside the limit values, it may cause
undesirable conditions in the analysis results. Therefore, the average hourly temperature was taken between
18 °C to 22 °C in order to minimize error from the analysis results in the laboratories where the measurement
was performed. Humidity in the environment causes the devices to rust quickly and shorten their life. For this
reason, the humidity limit values in the environment to be measured should be between 35%-70%, which is the
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limit values for human health. A very high light level will cause the aging of the sample to be studied, which
will adversely affect the analysis results. On this contrary, when the light level is too low, the bacterial culture
studied will develop very slowly. This situation will cause time loss. It was decided that the optimum light
level in the laboratory to be measured would be 60%-80% by taking advantage of the previous experience of
the project team performing the analysis.

5. Experimental results
5.1. Semantic query based on laboratory sensor ontology
In this study, a series of semantic queries and reasoning was performed to evaluate the proposed LEPSO. The
evaluation of LEPSO was carried out with the SPARQL query phrases in the Apache Jena Fuseki server mentioned in Section 4.2. Several semantic queries and outputs performed on the proposed sensor ontology are
shown following.
Semantic query-1: Purpose of the first semantic query, listing all active platforms and sensors which
in AoxMercury, MaldiTof, and Chromatography laboratories. When listing, it indicates exactly which platform
the sensors and actuators are working on and where the platforms are deployed in these laboratories. Semantic
query-1a is below;
Semantic query-1a

Semantic query-1b

SELECT ?platform ?sensor ?deployment

SELECT ?platform ?sensor ?deployment

WHERE{

WHERE{

?sensor sosa:isHostedBy ?platform.

?sensor sosa:isHostedBy ?platform.

?sensor ssn:hasDeployment ?deployment.

?sensor ssn:hasDeployment ssn:WestSide MaldiTof.

}

}

As a result, 15 active sensors used in the project and 2 actuators are listed as query result. It is clearly
seen on which platform these sensors ad actuators are located and in which laboratory they are located. The
output of this semantic query result is shown in Figure 5.
In addition, semantic query-1b might use to list specific sensors that measure only a specific area of a
single laboratory. As a result of semantic query-1b, it is seen that there are 2 active sensors on ‘ssn:SN_22’’
platform located west of the MaldiTof laboratory. These sensors are ‘ssn:CCS811_22’ and ‘ssn:DHT22_22’.
Semantic query-2: In another query in the following, it may be desirable to list the results of any
parameter measured in all laboratories used for the case study, according to the order of date and time. Semantic
query-2a lists the hourly average CO2 concentration in laboratories. The output of semantic query-2a result is
shown in Figure 6.
Semantic query-2a

Semantic query-2b
SELECT ?Result ?dateTime ?hasFeatureOfInterest

SELECT ?Result ?dateTime ?hasFeatureOfInterest

WHERE{

WHERE{

?Observation sosa:hasFeatureOfInterest ssn:AoxMercury.

?Observation sosa:hasFeatureOfInterest ?hasFeatureOfInterest.

?Observation sosa:observedProperty ssn:Temperature.

?Observation sosa:observedProperty ssn:CO2.

?Observation sosa:hasSimpleResult ?Result.

?Observation sosa:hasSimpleResult ?Result.

?Observation sosa:resultTime ?dateTime.

?Observation sosa:resultTime ?dateTime.}

FILTER( ”2019-08-28T16:15:52+03:00” ^^xsd:dateTime
<?dateTime<”2019-09-28T10:17:36+03:00” ^^xsd:dateTime)}
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Figure 5. The output returned by semantic query-1a.

In addition to semantic query-2a, the parameter to be listed can only be performed for a single laboratory
and within a specified date range. To perform this query, first of all, the object property ’sosa:hasFeatureOfInterest’
in the SPARQL query sentence above must point to the desired laboratory. Then, the WHERE query block
must be specified with the FILTER query parameter and the desired date range, just as in semantic query2b. This semantic query lists the hourly average temperature values in the AoxMercury laboratory between
28.08.2019 and 28.09.2019 (in 1 month period).
In SITARC, on the first 10 days of September and October, theoretical and practical training was given,
and analyses were conducted. At the same time, these dates take part in the range of dates when data for the
proposed sensor ontology are collected. It is seen that the amount of gas produced and the number of trainees
participating in the training, while the analyses are carried out, significantly affect the amount of CO2 in the
environment. During the first training held in September, the hourly average CO2 level exceeded the limit
values of both WHO and ASHRAE, while during the second training, the hourly average CO2 level exceeded
only the limit value determined by ASHRAE. This difference in CO2 hourly averages between 2 training periods
is thought to be effective in the number of trainees participating in the training and the number of analyses
performed. Since there is not much analysis in these laboratories after the training, there is a significant decrease
in CO2 levels. The graphical representation of the result produced by semantic query-2a is given in Figure 7.
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Figure 6. The output returned by semantic query-2a.

Figure 7. Hourly average CO2 concentrations in 3 laboratories which are used for case-study.

Semantic query-3: Finally, the purpose of the third semantic query is listing the dates in which the
limit values for any parameter in the laboratory are exceeded, using the ontological rules created in Section 4.4.
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Semantic query-3a

Semantic query-3b
SELECT ?Pm_Value ?dateTime
?hasFeatureOfInterest ?observedProperty
WHERE {
{ ?Observation sosa:hasFeatureOfInterest ?hasFeatureOfInterest.

SELECT ?Humidity_Values ?dateTime ?hasFeatureOfInterest
WHERE
{
?Observation sosa:hasFeatureOfInterest ?hasFeatureOfInterest.
?Observation sosa:observedProperty ssn:Humidity.
?Observation sosa:hasSimpleResult ?Humidity_Values.
?Observation sosa:resultTime ?dateTime.
FILTER(Humidity_MinLimitValue <?Humidity _Values ||
?Humidity _Values <Humidity_MaxLimitValue)
FILTER(?dateTime >”2019-09-28T16:15:52+03:00”xsd:dateTime
&& ?dateTime <”2019-10-17T10:17:36+03:00”xsd:dateTime )
}

?Observation sosa:observedProperty ssn:PM2.5.
?Observation sosa:observedProperty ?observedProperty.
?Observation sosa:hasSimpleResult ?Value.
?Observation sosa:resultTime ?dateTime.
FILTER (?Pm_Value <PM2.5_MaxLimitValues)
FILTER(?dateTime >”2019-08-28T16:15:52+03:00”xsd:dateTime
&& ?dateTime <”2019-10-17T10:17:36+03:00”xsd:dateTime )}
UNION {
?Observation sosa:hasFeatureOfInterest ?hasFeatureOfInterest.
?Observation sosa:observedProperty ssn:PM10.
?Observation sosa:observedProperty ?observedProperty.
?Observation sosa:hasSimpleResult ?Value.
?Observation sosa:resultTime ?dateTime.
FILTER (?Pm_Value <PM10_MaxLimitValues)
FILTER(?dateTime >”2019-08-28T16:15:52+03:00”xsd:dateTime
&& ?dateTime <”2019-10-17T10:17:36+03:00”xsd:dateTime )}
} ORDER BY Desc(?dateTime)

The semantic query-3a listing observations that are outside the limit values specified in Section 4.4 for
humidity in all laboratories is shown. Eight parameters have been measured within the scope of the project, and
all these parameters have different limits values. Therefore, it is necessary to combine queries in SPARQL to
list the dates on which more than 1 parameter exceeds the limit values in a single query. The UNION statement
might be used to join more than one query in SPARQL. An example of a query containing the UNION statement
is given in semantic query-3b. This query lists the case when parameter values PM2.5 and PM10 exceed limit
values between certain dates. UNION statements should be duplicated to list more parameters in a single query.
6. Conclusions and future work
Recently, the use of sensor-based systems in many industrial areas has led to a considerable increase in the raw
data obtained from them. However, the lack of syntactic nor semantic integrity between these sensor data limits
their sharing, reusability, and interpretation. These inabilities can cause some problems. For example, different
wireless sensor networks may not work together, due to the subtle variations in their sensing methods, operating
systems, syntax, and data structure. In this study, a semantic sensor model with SSN-based real-world use,
which measures some parameters of the laboratory environment, is proposed to solve the interoperability and
reusability problems.
In this proposed sensor ontology model, laboratory environment parameters classes are embodied and
presented in a hierarchical structure. The heterogeneous sensor data have been defined, and the reasoning rules
were determined. This sensor ontology was confirmed by semantic inquiry and information retrieval tests. The
obtained results show the applicability and efficiency of our sensor ontology. Also, it has the potential to become
a more comprehensive ontology for laboratory environment surveillance systems, working seamlessly under the
same framework as other field ontologies.
Developing the ontology of a domain is a long-term and controversial process. It requires compromise in
the academic and industrial communities. The proposed sensor ontology for laboratory environments LEPSO
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is not a holistic approach that covers all ontologies in this field. Because there is no doubt that a mid-level
and high-level ontology that covers the whole area should be a more comprehensive study that requires more
concretization, object property, and data property. LEPSO is a reliable and consistent light-weight sensor
ontology for mid-level and heavy-level ontologies planned to be developed in the future.
The data obtained will be shared on a public website for the common use of all researchers. In the next
study, it is planned to add the sensor data to be collected in the hospital intensive care unit to this proposed
ontology to prove that different sensors, platforms, ’sosa:hasFeatureOfInterest’ of different areas can be managed
under a single roof. Data optimization will be performed on the obtained data using data mining methods (such
as noisy data will be eliminated; empty columns will be filled). The optimized data will be tagged in accordance
with WHO, EPA, and ASHRAE standards for more logical inferences (such as good, poor, and moderate). In
order to design a proactive system, these labeled data will be analyzed with machine learning methods such as
random forest multilayer perceptron. By comparing the results obtained from the analyses, it will be determined
which machine learning method is more effective on sensor ontology.
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